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Abstract
District heating networks are commonly addressed in the literature as one of the most effective solutions for decreasing the 
greenhouse gas emissions from the building sector. These systems require high investments which are returned through the heat
sales. Due to the changed climate conditions and building renovation policies, heat demand in the future could decrease, 
prolonging the investment return period. 
The main scope of this paper is to assess the feasibility of using the heat demand – outdoor temperature function for heat demand 
forecast. The district of Alvalade, located in Lisbon (Portugal), was used as a case study. The district is consisted of 665 
buildings that vary in both construction period and typology. Three weather scenarios (low, medium, high) and three district 
renovation scenarios were developed (shallow, intermediate, deep). To estimate the error, obtained heat demand values were 
compared with results from a dynamic heat demand model, previously developed and validated by the authors.
The results showed that when only weather change is considered, the margin of error could be acceptable for some applications
(the error in annual demand was lower than 20% for all weather scenarios considered). However, after introducing renovation 
scenarios, the error value increased up to 59.5% (depending on the weather and renovation scenarios combination considered). 
The value of slope coefficient increased on average within the range of 3.8% up to 8% per decade, that corresponds to the 
decrease in the number of heating hours of 22-139h during the heating season (depending on the combination of weather and 
renovation scenarios considered). On the other hand, function intercept increased for 7.8-12.7% per decade (depending on the 
coupled scenarios). The values suggested could be used to modify the function parameters for the scenarios considered, and 
improve the accuracy of heat demand estimations.
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Abstract
Unmanned underwater vehicles (UUV) are widely used for survey and mining of natural resources in the region of underwater 
and seabed in the last two decades. In underwater, vision and depth perception will be poor, thus navigating and maneuvering a
remotely operated vehicles (ROVs) will not be an easy task. The umbilical cable might get entangled. In the event that the ROV 
loses power from its umbilical cord or an autonomous underwater vehicle (AUV) power failure, an emergency power system will 
be needed to power the critical equipment on the ROV or AUV to facilitate its recovery and to limit the loss of data.
In this paper, a large format 2 KWh lithium iron phosphate (LiFePO4) battery stack power system is proposed for the emergency 
power system of the UUV. The LiFePO4 stacks are chosen due to their high energy density, odularity and ready availability.
The proposed LiFePO4 battery system includes the design and development of a smart battery management system (BMS) with 
high efficiency active cell balancing technology and intelligent self-learning battery state of charge (SOC) estimation for the 
LiFePO4 battery. The proposed BMS will lead to better utilization of battery’s potential capacity and maximize the cycle life of 
the battery. The battery system has a pressure-resistance enclosure to eliminate extra battery pressure chamber and associated 
risks, therefore increase the reliability of the power system amidst high pressures down to 3km of deep-water.
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1. Introduction
Concern about marine surveying and natural resources mining have become important issues in national maritime 
rights and interests. As a result, researches in recent years have focused on the development of detection equipment 
which can realize unattended and reliable operation. Vision and depth perception in deep sea is currently 
significantly poorer than in shallow water and this has been shown to be directly linked to the depth of equipment’s 
working areas. Due to the fact that stable power supply is critical to remotely operated vehicles (ROVs), the quality 
of the umbilical cable of equipment has been increased. Although the lifetime of umbilical cable has been increased, 
emergency power systems are still needed to power the critical equipment if the ROVs lose power or power failure 
which has significant effects on the equipment to work fine.
Researchers have studied and improved many aspects of the battery management systems which can be tweak to 
use as the emergency power systems for deep sea equipment. The research areas can be categorized into 
characterization, abuse tolerance tests, state of charge, state of health and reliability. Galvanostatic charge and 
discharge modeling of electrochemical battery cell were proposed [1]. These models displayed the internal structure 
and characteristic under various conditions. Power and thermal characterization of lithium-ion battery pack for 
hybrid-electric vehicles were also done [2]. Electrochemical model from a controls perspective was introduced [3]. 
Twelve equivalent circuit models were compared and MPSO algorithm was used to conduct parameter optimizations
[4]. In battery's state of charge's estimation, these models can be applied. Some of the key issues for lithium-ion 
battery management in electric vehicles, such as estimation of the battery states and battery fault diagnosis, were 
reviewed [5]. In view of batteries generate a lot of heat when the current is high and affects system operations, the
thermal behavior of battery systems with indirect liquid cooling and air cooling were studied [6]. The electrical 
characteristics of rechargeable energy storage systems for plug-in hybrid electric vehicles were assessed as well.
Batteries' performance at several conditions was investigated [7].
In this paper, a smart battery management system with active balancing technology was developed and computer 
simulation was used to model the performance of lithium iron phosphate battery (LiFePO4) batteries. The large 
format LiFePO4 stacks are chosen for their high energy density, modularity and ready availability.
2. Description of the Methodology
2.1. Model of a Single LiFePO4 Battery
Second-order RC model had been proved to be more accurate relative to a first order RC model, the third-order 
or high-model improve a little accuracy relatively to the second order model [8]. In this paper, second-order RC 
model was used as the LiFePO4 equivalent circuit model. Short pulse discharge time is used to obtain the ohm 
internal resistance, 0R . Battery polarization parameters 1R , 1C , 2R and 2C are obtain by processing the data, in
relaxation time of the battery after the pulse discharge, using index fitting method. The 2-RC equivalent circuit 
model is deduced to come out and the model contains diverse resistance and capacitance. In the condition of 
different SOC, resistance and capacitance parameters' value were calculated.
2.2. The proposed smart battery management system
2.2.1. The advanced battery management system design
Battery management system (BMS) is the communication link between the batteries with the users. The main 
function is to control the battery pack to work well. The performance and properties of different types of battery 
vary widely and has several concerns to take into considerations, such as service life, storage energy, usage safety 
and battery life estimation. Battery management system is employed mainly to improve the utilization rate of the 
battery, prevent the battery from overcharge and over discharge, prolong the service life of the batteries and last but 
not least, to monitor the state of the battery.
The BMS measures the cell voltages, the battery pack temperature and the battery current. In addition, it keeps 
track of the charge going in and out of the battery pack. Besides, it estimates the SOC of individual cells. During the 
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1. Introduction
Concern about marine surveying and natural resources mining have become important issues in national maritime 
rights and interests. As a result, researches in recent years have focused on the development of detection equipment 
which can realize unattended and reliable operation. Vision and depth perception in deep sea is currently 
significantly poorer than in shallow water and this has been shown to be directly linked to the depth of equipment’s 
working areas. Due to the fact that stable power supply is critical to remotely operated vehicles (ROVs), the quality 
of the umbilical cable of equipment has been increased. Although the lifetime of umbilical cable has been increased, 
emergency power systems are still needed to power the critical equipment if the ROVs lose power or power failure 
which has significant effects on the equipment to work fine.
Researchers have studied and improved many aspects of the battery management systems which can be tweak to 
use as the emergency power systems for deep sea equipment. The research areas can be categorized into 
characterization, abuse tolerance tests, state of charge, state of health and reliability. Galvanostatic charge and 
discharge modeling of electrochemical battery cell were proposed [1]. These models displayed the internal structure 
and characteristic under various conditions. Power and thermal characterization of lithium-ion battery pack for 
hybrid-electric vehicles were also done [2]. Electrochemical model from a controls perspective was introduced [3]. 
Twelve equivalent circuit models were compared and MPSO algorithm was used to conduct parameter optimizations
[4]. In battery's state of charge's estimation, these models can be applied. Some of the key issues for lithium-ion 
battery management in electric vehicles, such as estimation of the battery states and battery fault diagnosis, were 
reviewed [5]. In view of batteries generate a lot of heat when the current is high and affects system operations, the
thermal behavior of battery systems with indirect liquid cooling and air cooling were studied [6]. The electrical 
characteristics of rechargeable energy storage systems for plug-in hybrid electric vehicles were assessed as well.
Batteries' performance at several conditions was investigated [7].
In this paper, a smart battery management system with active balancing technology was developed and computer 
simulation was used to model the performance of lithium iron phosphate battery (LiFePO4) batteries. The large 
format LiFePO4 stacks are chosen for their high energy density, modularity and ready availability.
2. Description of the Methodology
2.1. Model of a Single LiFePO4 Battery
Second-order RC model had been proved to be more accurate relative to a first order RC model, the third-order 
or high-model improve a little accuracy relatively to the second order model [8]. In this paper, second-order RC 
model was used as the LiFePO4 equivalent circuit model. Short pulse discharge time is used to obtain the ohm 
internal resistance, 0R . Battery polarization parameters 1R , 1C , 2R and 2C are obtain by processing the data, in
relaxation time of the battery after the pulse discharge, using index fitting method. The 2-RC equivalent circuit 
model is deduced to come out and the model contains diverse resistance and capacitance. In the condition of 
different SOC, resistance and capacitance parameters' value were calculated.
2.2. The proposed smart battery management system
2.2.1. The advanced battery management system design
Battery management system (BMS) is the communication link between the batteries with the users. The main 
function is to control the battery pack to work well. The performance and properties of different types of battery 
vary widely and has several concerns to take into considerations, such as service life, storage energy, usage safety 
and battery life estimation. Battery management system is employed mainly to improve the utilization rate of the 
battery, prevent the battery from overcharge and over discharge, prolong the service life of the batteries and last but 
not least, to monitor the state of the battery.
The BMS measures the cell voltages, the battery pack temperature and the battery current. In addition, it keeps 
track of the charge going in and out of the battery pack. Besides, it estimates the SOC of individual cells. During the 
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operation of the BMS, cells voltage, cells SOC, battery pack temperature and current of the battery pack will be 
transferred to a display console via serial communication interface. The data can be stored for evaluation and 
analysis. LabVIEW is used to display and store the acquired individual battery status and battery pack status. Data 
packet with gold code header and cyclic redundancy check (CRC) are used to prevent acquiring data with errors.
The BMS will also balance the cells according to the estimated SOC values. Active balancing is employed to 
maximize the utilization of the battery’s capacity. DC-DC active balancing topology is used as it is rather simple 
and straight forward to realize. SOC estimation plays a very important role in balancing the cells as well as keeping 
the user up-to-date of the SOC value of each cell. The proposed SOC estimation algorithm is described in details in 
the following section, 2.2.2. The whole BMS and the batteries are housed in a marine-grade SUS316 enclosure
which is shown in Fig 1. The enclosure eliminate extra battery pressure chamber and associated risks, therefore 
increase the reliability of the power system amidst high pressures down to 3km of deep-water.
Fig. 1 BMS with enclosure 3D drawing
2.2.2. The estimation technology of battery state of charge (SOC)
The SOC estimation is to design an indication system which is capable of providing an accurate SOC values 
under all realistic user conditions, including battery and user behavior, ageing of the battery, a required range of 
temperature and current. An accurate SOC determination method and a reliable SOC display to the user will 
improve the performance and reliability, and will ultimately lengthen the lifetime of the battery.
The most basic way to estimate SOC online is by coulomb counting, which is highly susceptible to current 
measurement errors that are aggravated over time. The other methods such as voltage-based method, impedance-
based method, are also used. However, since the unpredictability of battery and user behaviours, adaptive systems 
become more and more attractive, therefore, Kalman filter has become a popular solution nowadays. 
In this paper, the proposed estimation technology of SOC based on Kalman filter improves the accuracy of the 
parameter estimation when dynamic feature of internal resistance is taken into consideration. Kalman filter is a kind 
of algorithm which uses state equation of linear system, through observing the system input and output data and 
optimal estimating of the system state. But in reality, there are a lot of nonlinear systems in application, so Extended 
Kalman Filter (EKF) is proposed standing for nonlinear system. Its basic idea is to linearize nonlinear system, and 
then performing Kalman filter, hence the EKF is a sub-optimal filter. The EKF algorithm not only has poor 
robustness to model uncertainty, there are defects such as weak tracking ability for abrupt changes. In [9], the
proposed Strong Tracking Filter algorithm on the basis of EKF imports multiple suboptimal fading factors, forcing 
the residuals with orthogonality or approximate orthogonality, to overcome the unmodeled errors of the dynamic 
system. Through the online adaptive adjustment of gain matrix and state prediction error covariance matrix, the 
algorithm has the ability of tracking abrupt changing status and improves target tracking performance.
With the improvement of system and its requirements, single rate sample control system cannot meet these high 
requirements. Therefore, multi-rate sampling control system is proposed. Multi-rate sampling control system has a
wide practical prospect in engineering field, it has incomparable virtues as compared to single speed controller, such 
as better system gain margin, makes system to have more uniform stability, easier to realize distributed control and 
so on. Multirate Strong Tracking Extended Kalman Filter has the advantages of EKF and STF algorithms and 
improves system performance which uses single rate sampling. By exploiting Multirate Strong Tracking Extended 
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Kalman Filter (MRSTEKF), signals can be sampled using different rates for analyzing current system state. The 
Multirate Strong Tracking Extend Kalman Filter (MSTEKF) which is considered as the one of the better solution for 
the long-term SOC estimation and can be optimized to suit the application of UUV system.
In this paper, the sampling periods of current and voltage are set to be different.
0UmT T= , 0InT T= , n Nm= (1)
where IT , UT are the voltage and current sampling periods, 0T is the system period and n , m , N are integers. The 
above formula means when in a period, voltage sampling cycle is m times, current sampling cycle is n times. In one 
period of voltage sampling, the current will be sampled N times.
In MRSTEKF algorithm, by utilizing lifting technology, input variables and process noise are denoted as 
expanding vectors [9]. The equations are as follow:-
[ (k), (k 1), , (k N 1)]Tk = + + −u u u u (2)
k [ (k), (k 1), , (k N 1)]
T= + + −w w w w (3)
The expanding matrices of coefficient of current and process noise are given as follow:
1 2[ , , , ]N Nk k k k k k
− −= G B G B BΒ (4)
1 2[ , , , ]N Nk k k k k k
− −= G Gβ β β β (5)
The lifted discrete state space model is defined as follow:
ˆ ˆNk+N k k k k k k= + +x G x B u wβ (6)
ˆˆk k k k k k k= + +z H x D u vγ (7)
The algorithm of MRSTEKF is described as prediction update equations which are shown in the following.
ˆ ˆNk+N k k k k k k= + +x G x B u wβ (8)
( ) ( )( )N N T Tk N k k k k k N k k
− −
+ = + ⊗P ΛG P G I Qβ β (9)
Measurement update equations are shown below.
1( )T Tk N k N k k k N k k
− − −
+ + += +K P H H P H R (10)
ˆ ˆ ˆ( )k N k N k N k N k+N
+ −
+ + + += + −x x K z z (11)
( )k N k N k k N
+ −
+ + += −P I K H P (12)
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which is shown in Fig 1. The enclosure eliminate extra battery pressure chamber and associated risks, therefore 
increase the reliability of the power system amidst high pressures down to 3km of deep-water.
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where 0xˆ , 0P represent the input signal, ˆ k
+x represent the output signal, kΛ is the multiple fading factors matrix,⊗ is
the Kronecker product, tN denotes the total time steps. In this paper, the covariance matrices of noise  kQ and kR
are assumed to be invariant.
3. Simulation results 
To verify the proposed SOC estimation algorithm, MRSTEKF, performance, Matlab/Simulink was used to 
simulate system. In order to match the characteristics of lithium iron phosphate battery more realistically, the battery 
simulation model, which is shown in Fig. 2a, uses experimental data for the battery internal parameters. Simulations 
were done using 12 lithium iron phosphate batteries in series and three kinds of filter tracking algorithm, EKF,
STEKF and MRSTEKF. According to the battery parameters, the battery internal structure is designed as shown in
Fig. 2a. In addition, by using the established single cell model, system model with 12 batteries is built and shown in 
Fig. 2b. Batteries pulse discharge was done in simulation for SOC estimation, using EKF, STEKF, MRSTEKF 
filters, which are shown in Fig. 3 including the reference curve.
Fig. 2. (a) Internal structure of the battery model; (b) Simulation Model of 12 Batteries System.
Fig. 3 SOC estimation under pulse discharge using EKF, STEKF and MRSTEKF and SOC reference curve
Three algorithms have good predicting and tracking performance, but MRSTEKF is faster than the EKF and 
STEKF. Additional simulations were performed to test the response speed and error for the three algorithms. The 
12 batteries’ initial SOC are set differently from each other, ranging from 0.88 to 0.99. By simulation, the time taken 
for the three algorithms to track the reference and the root-mean-square error (RMSE) evaluations of the estimations 
of the algorithms are revealed are displayed in TABLE 1.
From the Table 1, it can be concluded that the average time taken for MRSTEKF is 2031.417 seconds, which is 
faster than STEKF and EKF by 38.66% and 58.47%. MRSTEKF also has the lowest average RMSE which is more 
precise than STEKF and EKF by 12.81% and 17.53% respectively.
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          Table 1. Time Taken to Track the Reference and RMSE Evaluations.
Algorithm MRSTEKF Time(s) STEKF Time(s) EKF Time(s) MRSTEKF RMSE STEKF RMSE EKF RMSE
Battery 1 1500 1502 2251 0.03193 0.0333 0.03497
Battery 2 1500 2251 2251 0.03349 0.03511 0.03605
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In this paper, a smart battery management system (BMS) with active cell balancing technology and battery state 
of charge (SOC) estimation for the Lithium Iron Phosphate (LiFePO4) battery is proposed and developed. The
pressure-resistance enclosure eliminates extra battery pressure chamber and associated risks, thereby increasing 
power system reliability amidst high pressures down to 3000m of deep water. Through MATLAB/Simulink, the 
proposed SOC estimation algorithm is able to track the SOC of the batteries better than other algorithms in terms of 
speed and accuracy. Through iterative hardware design, the LiFePO4 battery power system was implemented 
physically.
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+x represent the output signal, kΛ is the multiple fading factors matrix,⊗ is
the Kronecker product, tN denotes the total time steps. In this paper, the covariance matrices of noise  kQ and kR
are assumed to be invariant.
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Fig. 2. (a) Internal structure of the battery model; (b) Simulation Model of 12 Batteries System.
Fig. 3 SOC estimation under pulse discharge using EKF, STEKF and MRSTEKF and SOC reference curve
Three algorithms have good predicting and tracking performance, but MRSTEKF is faster than the EKF and 
STEKF. Additional simulations were performed to test the response speed and error for the three algorithms. The 
12 batteries’ initial SOC are set differently from each other, ranging from 0.88 to 0.99. By simulation, the time taken 
for the three algorithms to track the reference and the root-mean-square error (RMSE) evaluations of the estimations 
of the algorithms are revealed are displayed in TABLE 1.
From the Table 1, it can be concluded that the average time taken for MRSTEKF is 2031.417 seconds, which is 
faster than STEKF and EKF by 38.66% and 58.47%. MRSTEKF also has the lowest average RMSE which is more 
precise than STEKF and EKF by 12.81% and 17.53% respectively.
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